Abstract. This paper presents an approach to take into account market opportunities when designing production-distribution networks. Three types of sub-markets found in several industrial contexts are analyzed: spot markets, contracts and Vendor Managed Inventory (VMI) agreements. For contracts and VMI agreements, customer preferences with respect to different logistics policies are considered. A price-supply function is proposed to model the spot market behavior. The production-distribution network design problem is formulated as a two-stage stochastic program with fixed recourse. Finally, a sample average approximation method (SAA), based on Monte Carlo sampling techniques, is used to solve the model.
Introduction
The performance of a supply chain for a given product-market depends critically on the structure of its production-distribution network, i.e. the number, location, mission, technology and capacity of the facilities of the firms involved, but also on its capacity to make winning offers to its potential customers. A supply chain structure leading to lower prices, better service and better quality products than those of competitors leads to higher market shares and thus to higher revenues. By assuming that the demand for products is predetermined, classical network design models overlook this important aspect of the problem. The exact nature of the network design problems encountered in practice depends very much on the industrial context in which they occur, and on the breath of the markets considered. Networks covering several countries lead to much more complex design problems because factors such as exchange rates, duties and income tax must be taken into account. This paper presents a generic methodology to explicitly consider market forces when designing international production-distribution networks for make-to-stock products.
Logistics network design problems integrate location, capacity acquisition and technology selection sub-problems. A review of the initial literature on these problems is found in Verter and Dincer (1992) . The first location-allocation model proposed (Geoffrion and Graves, 1974) was a single echelon single period model to determine the distribution centers to use, as well as the assignment of products and clients to these centers, in order to minimise the total cost of the system in a domestic context. Several extensions to this model were subsequently made to take into account multiple echelons (Cohen and Lee, 1989; Pirkul and Jayaraman, 1996; Martel and Vankatadri, 1999; Vidal and Goetschalckx, 2001 ), multiple production seasons Arntzen et al., 1995; Dogan and Goetschalckx, 1999) , capacity acquisition and technology selection (Eppen et al., 1989; Verter and Dincer, 1995; Mazzola and Neebe, 1999; Paquet et al., 2004; Martel, 2005) , economies of scale Moon, 1990, 1991; Mazzola and Schantz, 1997; Martel and Vankatadri, 1999) , after tax net revenue maximization in an Taking market forces into account in the design of production-distribution networks DT-2005-AM-4 3 international context Arntzen et al., 1995; Vidal and Goetschalckx, 2001) and product development and recycling (Fandel and Stammen, 2004) . Geoffrion and Powers (1995) and Shapiro et al. (1993) discuss the evolution of strategic supply chain design models and Vidal and Goetschalckx (1997) present many of these models. A modeling framework integrating most of these results is presented in Martel (2005) .
In most industrial sectors, the market is not monolithic and several product-markets governed by different rules-of-the-game can be found. For example, several natural resource based products, such as lumber, can be sold on the spot market or through contracts with major customers. In the later case, the probability of getting a contract depends on a set of qualifying and order-winning criteria such as price, lead-time and fill-rate. For a given potential customer, a company is able to win on several of these criteria only if its production-distribution facilities are better positioned than those of its competitors. Despite the obvious impact productiondistribution network structures can have on company performance in such contexts, little work has been done to take market forces into account explicitly in network design models. Shapiro (2001) stresses the necessity to integrate strategic marketing and production-distribution decisions in the same model to design superior supply chains. In their literature review on the modeling of supply chain contracts, Tsay et al. (1999) do not include any papers dealing with production-distribution networks design issues. Rosenfield et al. (1985) show how the performance of different logistic network designs can be characterized by an efficient costservice frontier. Starting from these results, this paper develops a generic approach and a twostage stochastic programming model to design production-distribution networks improving the competitive position of a company on its markets. More specifically, three types of submarkets found in several industrial contexts are considered: spot markets, contracts and Vendor Managed Inventory (VMI) agreements.
The rest of the paper is organized as follows. In the next section, the design approach proposed is explained and the stochastic programming model on which it is based is Taking market forces into account in the design of production-distribution networks 
Methodology
Without loss of generality, to simplify the presentation, we restrict ourselves to the case of a single echelon production-distribution network of the type illustrated in Figure 1 . It is assumed that the production-distribution sites it is necessary to understand the chronology of events underlying the design process. As illustrated in Figure 2 , the hierarchical planning and execution process proposed involves four steps which are explained in the next subsections. 
Market segmentation and logistics policies definition
It is assumed that the company is selling products p P ∈ in several countries o O ∈ and that each national division covers a set of distinct product-markets ,
The set of national product-markets o M can be partitioned into three sub-sets: given ship-to location, during a predetermined period of time (assumed to be the same for all contracts and agreements), and with guaranteed price and fill rate.
Figure 3: Spot Market Price Step Function
The spot market can be considered as a recourse which can absorb any amount of product, but for a price decreasing with quantity. Signed contracts/agreements yield a deterministic demand to be satisfied, but potential contracts/agreements define a stochastic demand process.
Additional flexibility is also possible through product substitution: indeed, in all markets, a product p P ∈ can be substituted by a product '
SP being a set of substitutes for 
where pm Λ is the set of steps of the function, pm P λ is the unit price for step pm λ ∈Λ and pm X λ is the upper bound of step pm λ ∈Λ , as illustrated in Figure 3 . We assume that prices and step lengths are determined by the company using price forecasts based on the historical behavior of the firm prices on the spot market, in relation with an expected reference price.
Because of competition, it is assumed that potential customers will sign contracts only if the company can demonstrate that it has the resources required to comply with all the clauses of the contracts/agreements. Consequently, the production-distribution network must be designed to satisfy signed contracts and agreements In order to win contracts/agreements, the company has to develop different offers to satisfy potential customers better than its competitors. Following Hill (1994) , it is assumed that these offers must be defined in terms of criteria that win contracts on the marketplace (order winners) and criteria that qualify the company as a potential supplier (qualifiers). These offers 
When using a Multinomial Logit discrete choice model, this probability can be calculated with the expression: . Then, the probability that contract c(i) would be signed, if logistics policy The same approach can be used to obtain the probabilities i θ that VMI agreements will be signed. It is through this probability estimation procedure that competitor potential actions are taken into account in our production-distribution network design methodology.
Network design decisions and anticipated shipping decisions
The goal of the company is to design its production-distribution network anticipating the future by simultaneously selecting adequate logistics policies, and by allocating production capacity and locating distribution centers to support these policies. This requires the definition of the following decision variables:
ps X = Quantity of product p produced in production-distribution center For convenience, we also define the following design variable vectors:
In order to design the network properly, the impact of these decisions on future market demand and on the operational costs associated to the delivery of products sold to customer locations must be anticipated. In order to anticipate future network costs and revenues, we assume that, as illustrated in Figure 2 , once design decisions have been implemented, at some point in time, customers will accept or reject the company's offers and the quantity of products to ship in the contract/agreement period will be known. A particular reaction from the customers to the company's potential offers defines a business environment. Although, it is clear that all the contracts/agreements would not be signed or rejected at the same point in time, we propose to anticipate the impact of the design by computing expected network flow costs and revenues during a predetermined contract duration period for all the future environments the company could face.
Let Ω be the set of all possible environments. An environment ω ∈Ω is a binary variable vector of dimension I indicating whether the customers would sign a contract/agreement
, in all environments since these contracts/agreements are already signed when the design decisions are made. Also note that it is not necessary to include the spot market explicitly in the description of an environment since it is considered as a recourse which can absorb any outstanding production.
Since i ω is a binary variable, the number of possible environments which could be observed is given by 2 , ∈ . This clearly shows that market demand depends on logistic network design decisions. In other words, in our approach, logistic network design decisions are not made simply to adapt to a predetermined demand, they are strategic competitive positioning decisions used to influence customer behavior.
The network design decisions X, Y and Z considered here are first stage decisions which would normally be implemented in practice immediately after they are made. Their implementation would not be instantaneous however. In particular, the decisions Y lead to the redeployment of the company distribution network and the decisions Z to the negotiation of contracts with potential customers, which may take several months. As illustrated in Figure 2 , at the end of this implementation phase, the environment ω ∈Ω in which the logistics network implemented will be used is revealed and shipment decisions to satisfy market demand during the contracts/agreements period must be made. Although these second stage decisions would not be implemented per se in practice, they are important to anticipate the impact of the network design on network flow costs and revenues. These second stage decisions are clearly dependent on the environment ω ∈Ω which will eventually prevail. Taking For convenience, we define the vector of second stage variables
The design approach described in the previous paragraphs leads to the formulation of the problem as a two-stage stochastic program with recourse (Birge and Louveaux., 1997).
Stochastic programming model formulation
In order to formulate the demand, distribution and manufacturing constraints of the model, the following sets are required:
p SP = Set of products which product p can substitute for. For an environment ω ∈Ω , the flow of products or substitute products from the production and distribution sites must cover the demand associated to the signed contracts and VMI agreements. Knowing that logistics policy c i is used for customer 
Since we want to maximize profits, with the type of price step functions used, it can be shown (see the Appendix for a proof) that any optimal solution to the model will be such that, for step pm λ ∈Λ :
For this reason, it is sufficient to include constraints 4) in the model to ensure that spot market prices will be formulated properly.
The facilities capacity can be modeled using the following parameters:
ps b = Quantity of product p which can be produced in production center s. where ( ) ps F ω is a working decision variable defined by 9) and used to simplify the formulation.
To calculate the total revenues and costs of a network design, the following financial parameters are required: Then, using the expenditure and revenue elements in Table 1 , where ( ) o s denotes the country of site s, it is seen that: 
, 
where o S is the set of sites located in country o. We must distinguish positive margins from negative margins because there is no income tax to pay on losses. To do this, Based on the previous discussion, it can be seen that the stochastic program to solve is the following: subject to constraints 1) to 13), to the national divisions operating income definitions
and to the non-negativity constraints: 
Note that in some contexts, companies may prefer to maximize corporate net revenues before taxes in the reference currency, that is
When this is the case, constraints 15) are not necessary and 14) can be substituted back into the net revenue expression, to get the following objective function: 
Stochastic Programming Model Solution

Solution approach
Under objective function (O-2), the two-stage stochastic programming model with fixed recourse formulated to design logistics networks has the following form: 
Environment sample generation
In order to formulate the SAA program, one must first generate a valid sample of 
Sample average approximation
As explained at the end of section 3.1, the SAA approach involves the solution of program SAA( N Ω ) for M different samples of size N. This implies that M different near-optimal feasible designs could be obtained and the questions to answer are then: which design is the best and how close is it to the true optimum? To answer these questions, we need to obtain better estimates of the true value of the objective function of the solutions found through a Monte-Carlo evaluation based on a sample size ' N much bigger than N. We also need to obtain statistical lower and upper bounds on the true value of the optimal solution of (SP). Let 
. This is used to obtain the required statistical lower bound. From these observations, it is seen that a near-optimal design is found using the following procedure (a similar procedure is found in Santoso et al., 2005):
Step 1 be the corresponding optimal objective value and an optimal solution, respectively.
Step 2: Compute the statistical lower bound
is an unbiased estimator of ( )
Step 3: Let J be the set of distinct solutions found with the samples 1,..., j M = .
For each distinct solution found, ˆˆ( , , ), 
Step 4 
Experimental Evaluation
Test case
In order to test the applicability and feasibility of the approach, we developed a realistic case, based on typical production-distribution network design problems encountered in the forest products industry. The characteristics of the case are summarized in Table 2 . Most of the case data were taken from real lumber companies but the probabilities of getting the different contracts/agreements considered were randomly generated. The first stage design decisions specify the mission of the sawmills, the number and location of the warehouses and the logistics policies to implement. In order to test the solvability of the SAA model under extreme conditions, five instances of the case were created with different demand and price values, as described in Table 3 . Our aim was also to understand the influence of demand and price differences, between the spot market and the contracts/agreements, on logistics policies and warehouse location decisions.
Contracts/agreements become more interesting for the company when the price difference is high, which should lead to the implementation of more warehouses to support the selected logistics policies.
Computational results
Several sample sizes N and '
N were tested in the experiments, in order to evaluate their impact on computational times and on the quality of the solutions obtained. The SAA models
were solved with M = 5 independent samples, each of size N = 5, 25, 50, 75, 100. The number of variables and constraints in the models obtained for each sample size are given in Table 4 .
The mathematical programs were solved with CPLEX 9.0 on a 1. The analysis of results dissociates two clusters of case instances: those converging to a single optimal solution as N increases, and those for which a set of distinct solutions is obtained. The first cluster includes case instances #1, #3 and #4. For each of these cases, when 25 N ≥ , a single solution is obtained ( 1 J = ), as illustrated in Figure 5 for case instance #1.
The figure also shows that, as N increases, the value of the objective function for the 5 samples converges to the same value. Clearly, for these well behaved cases, no further analysis is required since a single solution is obtained. The second cluster composed of instances #2 and #5 is quite different. Indeed, several solutions are obtained, as illustrated in Figure 6 for case instance #5. The results of the application of the SAA procedure presented in section 4 to this case are provided in Table 5, and solution 1 for N=100). In all these cases, the Gap is very small (not larger than 0,61%) which means that this solution is probably very good. This is comforting since it means that, at least for the cases considered, the Sample Average Approximation can be expected to give very good results even if relatively small sample sizes are used. Note also that, in this case, the solution obtained with the mean demand deterministic model is the same as the one obtained with the SAA model. This is not generally the case however and, in fact, there is no guarantee that the solution obtained with the average demand is a feasible solution of model (SP) because the expected demand is a fraction of the contracts/agreements demand. Lastly, note that the solution obtained when a deterministic model with the most probable environment is used is not very good. This suggest that using the SAA method gives solutions which can be much better than those obtained with the type of deterministic models found in the literature. The designs obtained for the 5 case instances studied are summarized in Table 6 , for samples size of 100 N =
. A close observation of these results confirms that our initial intuition was correct. The warehouses and policies selected for the four first case instances are roughly the same. This means that the solution is not very sensitive to changes in demand and in reference prices. However, the solution obtained for instance #5 involves the selection of a much higher number of policies and warehouses, which implies that the optimal design is very sensitive to the difference in the price of products between the spot market and contracts/agreements.
Virtu@l Lumber case
The design approach developed in this paper was also applied to a case involving a much more elaborated production-distribution network. It emulates a typical lumber industry company in the province of Quebec in Canada, and the case, model and experimental result details are provided in Vila et al. (2006) , which also show how the approach can be used for strategic decision making. Extensive experiments were made to study the impact of price differentials between market segments on the production-distribution network structure and on the number of contract signatures. Different forest management policies and business acquisition and rationalization options were also studied. The problems were solved with the SAA method using five independent samples of twenty-five environments ( 5 M = , 25 N = ).
In order to determine the best design, the true value of the objective function was estimated with samples of size ' 100 N = .
The models solved in these runs include about 900 000 continuous variables, 200 binary variables and 250 000 constraints, and the computational times required to solve them with CPLEX 9.0 ranged between 321 and 1 670 minutes. The optimization process was stopped when the computation time reached 100 000 seconds, which means that all the SAA problems were not necessarily solved to optimality. The SAA gap of the problems solved ranged between 0.1 % and 4.5 %. In general, the design obtained for the production sub-network was the same for the five (M = 5) samples used. However, for the distribution sub-network, 1 to 3 different designs were obtained and, in most cases, 5 different logistics policy vectors were obtained. This indicates that the design variables 'closest' to the market are more sensitive to the scenarios generated. In all cases, the solutions suggested by the model made good business sense. Note also that for these more realistic cases, the designs obtained when using an average demand model were never the best and they were often unfeasible for some of the scenarios generated, which clearly shows the advantage of the stochastic programming approach proposed.
Conclusion
The production-distribution network design methodology proposed in this paper takes market considerations into account to obtain designs improving the competitive position of the company or companies involved. Furthermore, the two-stage stochastic programming model proposed and the Monte-Carlo sampling method used to solve the model lead to robust designs which can be expected to perform well under most possible future business environments. The experiments made with the model show that good results can be obtained even if a relatively small environment sample size is used, at least for the lumber industry context on which our test cases were based. For these cases, the model proposed is easy to solve for moderate size problems but much more difficult to solve to optimality for large cases. These first applications of the model to realistic cases from the lumber industry are very promising, but computational testing in other industrial contexts would be required to demonstrate the general value of the model. Future studies will involve the development of tailor-made acceleration techniques and heuristics to solve very large network design models in a reasonable time. is not optimal and the proposition is true.
